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Abstract. The knowledge of city exploration trails of people is in short
supply because of the complexity in defining meaningful trails repre-
sentative of individual behaviours and in the access to actionable data.
Existing datasets have only recorded isolated check-ins of activities fea-
tured by opaque venue types. In this paper, we fill the gaps of defining
what is a semantic trail of city exploration and how it can be generated
by integrating different data sources. Furthermore, we publicly release
two datasets holding millions of semantic trails each and we discuss their
most salient characteristics. We finally present an application using these
datasets to build a service meant to guide tourists while exploring a city.
Resource: https://doi.org/10.6084/m9.figshare.7429076
Code: https://github.com/D2KLab/semantic-trails
Keywords: Semantic trail · Collective behavior · Location-based social
networks · Tourist recommendation · Sequence recommendation.
1 Background
Location-based Social Networks (LBSN) allow users to share their position with
friends, or even publicly, by performing a check-in when they visit a certain
venue or Point-of-Interest (POI). A POI can be defined as an entity that has
a fixed physical extension, like a landmark, a building, or a city.4 A check-in is
typically associated with many information of potential interest for researchers
specialized in different domains, from urban mobility to recommender systems.
For example, many LBSN classify their POIs in consistent taxonomies, that
assign an explicit semantic meaning to each check-in. Furthermore, each venue
has a physical location, which can be expressed by its geographical coordinates,
and each check-in is performed at a certain timestamp.
For these reasons, different studies have been conducted by considering user-
created geographical data obtained from LBSN. Some works use LBSN for a
data-driven understanding of cities and/or social behaviors. In [6], venue cate-
gories are exploited to create semantic representation of city neighborhoods and
4 As formalized by https://schema.org/Place
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users. In [4], a statistical study is made with the aim of unraveling the correla-
tions among venue categories and their popularity using a large check-ins dataset
collected from different geographical regions. In [8], the authors create a seman-
tic representation of a city as a bag of venue categories and they use it to define
a similarity measure between cities. In [9], the authors use density-based clus-
tering techniques on a dataset containing venue categories to create high level
summaries of the neighborhoods of a city. Other studies use LBSN data to create
applications that provide personalized recommendations, such as predicting the
next POI to which the user is likely to be willing to go in the exploration of a city.
Different approaches have been experimented to address this problem, such as
context-aware matrix factorization [1], mixed Hidden Markov Model [15], metric
embedding [3], Recurrent Neural Networks [7], and cross-domain techniques [10].
Different datasets of check-ins collected from LBSN are already available.
The NYC Restaurant Rich Dataset [13] includes check-ins of restaurant venues
in New York City only, as well as tip and tag data collected from Foursquare
from October 2011 to February 2012. The NYC and Tokyo Check-in Dataset [14]
contains check-ins in New York City and Tokyo collected from April 2012 to
February 2013, together with the timestamp, GPS coordinates and venue cate-
gory of the check-in. The Global-Scale Check-in Dataset (GSCD) [12] includes
long-term global-scale check-in data collected from the 415 most checked cities in
the world on Foursquare. All of these datasets are publicly available on the Web.5
However, none of these datasets is focused on temporal sequences of check-ins.
The contribution of this work is threefold: we formally define what is a set of
temporally neighboring activities, which we called semantic trail of check-ins, and
how to generate it, we propose a mapping between the venue categories available
in Foursquare and the corresponding Schema.org terms, and we introduce the
Semantic Trails Datasets (STDs) which are two different datasets of semantically
annotated trails created starting from check-ins performed on the Foursquare
social network. Differently from other datasets already available, we analyzed
the check-ins at our disposal in order to group them into sequences of activities.
Furthermore, we enriched the datasets by adding valuable semantic information,
that is, the Schema.org terms corresponding to the category of the venues and the
Wikidata entity of the city and the country in which the check-in was performed.
The remainder of this paper is structured as follows. In Section 2, we in-
troduce the procedure used to generate the STDs, while we analyze the main
characteristics of our datasets in Section 3. We then present a possible use case
in Section 4. Finally, we conclude and outline some future work in Section 5.
2 Generation of Semantic Trails
In this section, we detail the process followed for building the Semantic Trails
Datasets (STDs) from the collections of check-ins at our disposal, that will be
5 https://sites.google.com/site/yangdingqi/home/foursquare-dataset
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introduced in Section 3. The exploited algorithm is publicly available in our
GitHub repository,6 while the actual datasets have been published on figshare.7
The original check-in datasets include various sources of information, seri-
alized in two different csv files. The first one contains the check-ins collected
from the platform, while the second one lists the venues involved in such check-
ins. In detail, each check-in associates a specific user with a certain venue and a
timestamp, which represents the point in time when the check-in was performed.
Definition 1. Given the space of venues V, the space of users U , the space of
timestamps T , a check-in c ∈ C is a tuple c = (ν, υ, τ), where ν ∈ V is the venue
in which the user υ ∈ U was located at the timestamp τ ∈ T .
In contrast, a venue is characterized by a unique identifier, its geographical
coordinates, and a category selected from the Foursquare taxonomy.8
In order to enrich the available datasets, we identified the city where each
venue is probably located by performing the reverse geocoding of its coordinates.
To this purpose, we used the reverse geocoder Python library9 and the geo-
graphical coordinates of all the cities with a population greater than 500 people
available in GeoNames. We also obtained the corresponding entities from Wiki-
data and we included their URIs in the STDs, along with the entities representing
the countries in which they are located.
Furthermore, we manually mapped the categories listed in the Foursquare
taxonomy with the Schema.org vocabulary. If a Foursquare category cannot be
mapped with a leaf, then we mapped it with an ancestor. The mapping has
involved three domain experts who performed a two-stage process: the first has
involved two experts and it has elicited mappings and doubts, the second has
involved the three experts whose the one excluded from the first stage acted as
meta-reviewer, validating the mappings and resolving inconsistencies by answer-
ing to doubts. The resulting mapping is available in our GitHub repository. In
the STDs, we included both the original Foursquare category and the associated
Schema.org entity for each venue.
We define a semantic trail as a list of consecutive check-ins created by the
same user within a certain amount of time.
Definition 2. A semantic trail s ∈ S is a temporally ordered list of check-ins
〈c1, c2, . . . , cn〉 created by a particular user υ ∈ U , i.e., for each i, ci = (νi, υ, τi)
and τi < τi+1.
In order to construct the semantic trails from the enriched datasets, we pro-
cessed the available check-ins and we analyzed their timestamps, for obtaining
an unambiguous time representation that also includes the time zone. To this
end, we exploited the ciso8601 Python library.10
6 https://github.com/D2KLab/semantic-trails
7 https://doi.org/10.6084/m9.figshare.7429076
8 https://developer.foursquare.com/docs/resources/categories
9 https://github.com/thampiman/reverse-geocoder
10 https://github.com/closeio/ciso8601
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Then, we grouped the check-ins by user and we sorted them according to their
timestamp. From such ordered lists of check-ins we constructed the semantic
trails by assuming that two check-ins that are not distant in time more than
eight hours belong to the same trail, similarly to what has been done in [2].
In Algorithm 1, we list the procedure for creating the set S, given the set of
users U , the set of check-ins C, and the time interval δτ = 8 hours. Note that
some check-ins will not be included in any trail because they are too distant in
time and, therefore, they will be discarded.
Algorithm 1 Generation of the set S, given U , C, and δτ .
Require: U 6= {∅} ∧ C 6= {∅} ∧ δτ .= τi − τj
1: S ← {∅}
2: for all υ ∈ U do
3: s← ∅
4: for all ci ∈ Cυ : τi−1 < τi ∧ i > 1 do
5: if τi < τi−1 + δτ then
6: if s is ∅ then
7: s← 〈ci−1〉
8: end if
9: s← s+ 〈ci〉
10: else
11: if not s is ∅ then
12: S ← S ∪ {s}
13: s← ∅
14: end if
15: end if
16: end for
17: end for
18: return S
In addition to this algorithm, we applied three different filters before con-
structing the trails in order to remove suspicious check-ins, that may have been
spoofed with the help of automated software.
We first ignored the check-ins performed by a certain user in the same POI
multiple times in a row and we only considered the last one, because such repeti-
tions cannot result in meaningful semantic trails. Then, we discarded the check-
ins performed by the same user in less than one minute, as it is unreasonable to
visit a venue in such short amount of time.
Finally, we filtered out the check-ins that require an unrealistic speed for mov-
ing from a certain venue to the next one. In particular, we removed consecutive
check-ins that are associated with a speed greater than Mach 1 (∼ 343 m/s), as
this value is higher than the normal cruise speed of an airplane. We computed
the distance between two venues by applying the haversine formula to their
geographical coordinates.11 This approach is similar to the one followed in [12].
11 https://github.com/mapado/haversine
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The final result of the aforementioned process is a csv file with the follow-
ing fields: trail id, user id, venue id, venue category, venue schema, venue city,
venue country, and timestamp.
The user id is a numeric identifier and it has been anonymized. The venue id
corresponds to the Foursquare URI of the venue and, therefore, it can be used
to obtain additional information. The venue category is a category from the
Foursquare taxonomy, while the venue schema is the corresponding Schema.org
term. The venue city is the Wikidata entity corresponding to the city in which
the venue is located, while the venue country is the country associated with the
city. Finally, the timestamp is expressed in the ISO 8601 format and it has been
approximated, for privacy reasons, to the minute. As an example of the dataset
structure, we report a semantic trail in the following listing. The URIs have been
replaced with the respective prefixes for readability reasons.
trail_id ,user_id ,venue_id ,venue_category ,venue_schema ,
↪→ venue_city ,venue_country ,timestamp
1,1,foursquare:597190d44b78c57f67ddd616 ,College Academic
↪→ Building ,schema:CivicStructure ,wd:Q894012 ,wd:Q43 ,
↪→ 2017-10-03T14:44:00+03:00
1,1,foursquare:59c128a1bd40092e99b21ec6 ,Seafood Restaurant ,
↪→ schema:Restaurant ,wd:Q894012 ,wd:Q43 ,
↪→ 2017-10-03T17:31:00+03:00
1,1,foursquare:59bec86cd3cce845224791e0 ,College Residence
↪→ Hall ,schema:Residence ,wd:Q894012 ,wd:Q43 ,
↪→ 2017-10-03T18:11:00+03:00
3 Datasets and Statistics
We generated the STDs starting from two different sources of check-ins obtained
from the Foursquare platform. The first one is the Global-Scale Check-in Dataset
(GSCD), created by the authors of [12] and publicly available on the Web.12 The
second one is a similar but more recent set of check-ins realized by the authors
of this work, originally collected in the context of [7].
More in details, we retrieved the check-ins performed by the users of the
Foursquare Swarm13 mobile application and publicly shared on Twitter from
the Twitter API.14 Then, we collected additional information associated with
the check-ins, like the venue in which it was performed and its geographical
coordinates, thanks to the Foursquare API.15
We report some statistics regarding these initial datasets in Table 1. The
GSCD contains more check-ins, as it was collected for an higher number of days
in a period of great popularity of LBSN. On the other end, our dataset is being
12 https://sites.google.com/site/yangdingqi/home/foursquare-dataset
13 https://www.swarmapp.com
14 https://developer.twitter.com
15 https://developer.foursquare.com
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enriched with new check-ins continuously, therefore we envision future releases
of the STDs based on a future snapshot of our collection of check-ins.
Table 1: The number of check-ins, venues, and users, the time interval and the
period of collection for the two initial sets of check-ins.
Check-ins Venues Users Time Period
GSCD 33,263,631 3,680,126 266,909 532 days From 2012-04 to 2013-09
Ours 12,473,360 1,930,452 424,730 382 days From 2017-10 to 2018-10
We constructed two different versions of the STDs by applying the procedure
described in Section 2 to these initial datasets. The two STD versions are named
after the year in which the collection phase ended, that is 2013 for the GSCD
and 2018 for the snapshot of our collection of check-ins.
We list several statistics regarding the STDs in Table 2. It is possible to ob-
serve that the number of initial check-ins available in the GSCD has been greatly
reduced in STD 2013, while it has been only slightly decreased in STD 2018. This
result is caused by the different collection protocol of the GSCD and our initial
dataset. In fact, we decided to start removing misbehaving users directly during
the collection phase, in order to limit the number of calls to the Foursquare API.
In details, we discarded users that performed two check-ins in less than a minute
for two times, because we identified this as a typical non-human behaviour [7].
Table 2: The number of check-ins, trails, venues, users, and cities included in the
two STD releases.
Check-ins Trails Venues Users Cities
STD 2013 18,587,049 6,103,727 2,847,281 256,339 7,731
STD 2018 11,910,007 4,038,150 1,887,799 399,292 42,711
The radically different number of cities involved in the semantic trails can
also be explained by analyzing the collection protocols. The authors of the GSCD
only considered densely populated areas, while we looked for check-ins without
applying any geographical filter. The differences in the number of trails and
venues are consistent with the size of the initial dataset.
In Table 3, we detail the number of check-ins removed because of the different
filters during the creation of the STDs. We observe a similar effect of the filters on
the two datasets: for instance, the constrain on the repetition of a venue is always
the most selective one. However, the number of invalid check-ins is extremely
different, because of the various approaches exploited during the collection of
the initial check-ins.
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Table 3: The number of check-ins removed because of the different filters that
we applied for creating the STDs. The total number of invalid check-ins is not
equal to the sum of the different categories because the sets are not disjoint.
Venue Time Speed Total
STD 2013 2,381,182 1,627,688 66,796 3,963,133
STD 2018 275,359 96,879 13,021 366,491
Furthermore, we analyzed the lengths of the semantic trails that we built: the
truncated histograms of their distributions are available in Figure 1. We observe
that the distributions of the two datasets are similar, even if STD 2013 includes
a higher number of trails. The average trail lengths are 3.05 in STD 2013 and
2.95 in STD 2018, while their standard deviations are 2.16 and 1.99 respectively.
We also depicted, in Figure 2, the histograms representing the distributions
of time durations, that is the number of time units between the first and the last
check-in of a trail. It is interesting to notice that STD 2013 has a higher number
of short trails, while STD 2018 contains more trails that have a relatively longer
time duration with respect to very short ones. This difference may be explained
by the fact that the platform and the behaviour of its users evolved during the
years: longtime users may be more willing to share check-ins in a constant way.
In order to analyze the check-ins of the two datasets from a spatial point
of view, we considered the distributions of the number of check-ins for each
city. As can be deduced from Figure 3, STD 2013 includes a lower number
of cities with less than a hundred check-ins, while STD 2018 contains many
cities with a relatively low number of check-ins. This result is also related to
the different number of cities available in the datasets as consequence of the
initial collection protocol. For these reasons, STD 2018 may be more useful to
characterize globally widespread behaviours, while the focus of STD 2013 is only
on densely populated areas.
We also computed the number of check-ins for each country in the two STDs,
which are reported in Table 4. Some interesting differences emerge from these
results: for example, Japan moved from the fifth to the first place in STD 2018,
while Brazil was superseded by Malaysia. These observations can be easily ex-
plained by considering the different collection protocols and the possible changes
in the usage patterns of the Foursquare platform.
Furthermore, we investigated the number of check-ins from STD 2018 in
the two most popular Countries, namely Japan and Turkey, grouped by the
Schema.org category of their venue. The purpose of this analysis, whose results
are listed in Table 5, is to propose a simple but effective way of characteriz-
ing the different human behaviours that are typically associated with a certain
culture. From these figures it is possible to observe that check-ins performed in
train stations are very common in Japan, while in Turkey the most widespread
category of venues is coffee shop.
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Fig. 1: Histograms representing the distribution of trail lengths. We only consid-
ered trails with less than 10 venues. The scale of the y axis is in millions.
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Fig. 2: Histograms representing the distribution of trail time duration. We only
considered trails lasting less than 24 hours. Both axes are represented in a loga-
rithmic scale. The unit of the x axis is seconds. The discontinuity of the curves
is caused by the time limit used to build the trails.
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Fig. 3: Histograms representing the distribution of cities per number of check-
ins. We only considered cities with less than a hundred check-ins. The second
dataset is more geographically widespread than the first one, as it contains an
higher number of cities with a lower number of check-ins.
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Table 4: The five Countries with the highest number of check-ins in the two
versions of the dataset.
STD 2013 STD 2018
Country Entity Check-ins Country Entity Check-ins
Turkey wd:Q43 3,282,047 Japan wd:Q17 5,075,688
Brazil wd:Q155 1,994,233 Turkey wd:Q43 2,025,834
USA wd:Q30 1,875,703 Kuwait wd:Q817 801,867
Malaysia wd:Q833 1,584,552 Malaysia wd:Q833 765,314
Japan wd:Q17 1,553,603 USA wd:Q30 587,384
Table 5: The five Schema.org venue categories with the highest number of check-
ins from STD 2018 in Japan and in Turkey.
Japan Turkey
Entity Check-ins Entity Check-ins
schema:TrainStation 1,198,732 schema:CafeOrCoffeeShop 370,355
schema:Restaurant 704,762 schema:CivicStructure 179,930
schema:CivicStructure 428,295 schema:Restaurant 167,578
schema:ConvenienceStore 152,013 schema:AdministrativeArea 151,466
schema:SubwayStation 147,659 schema:FoodEstablishment 131,949
In order to demonstrate the usefulness of a semantically annotated dataset,
we computed additional statistics by also relying on external information ob-
tained from Wikidata. In detail, we downloaded the number of inhabitants of
the cities in which the check-is were performed, if available, and we considered
the check-ins of small cities separately from the ones of big cities. We define a
big city as a city with more than 100,000 inhabitants.
In Table 6, we list the number of trails and check-ins in the STDs performed
in small and big cities, while in Table 7 we report the most frequent venue
categories in STD 2018 grouped by the size of the cities. It is interesting to
notice that airports are associated with small cities, as they are usually located
outside densely populated areas.
Table 6: The number of trails and check-ins performed in small and big cities.
Small cities Big cities
Trails Check-ins Trails Check-ins
STD 2013 1,085,579 2,718,412 3,346,942 8,642,419
STD 2018 842,991 1,739,456 2,121,055 4,858,969
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Table 7: The five Schema.org venue categories associated with the highest num-
ber of check-ins performed in small and big cities in STD 2018.
Small cities Big cities
Entity Check-ins Entity Check-ins
schema:Restaurant 207,646 schema:TrainStation 719,474
schema:CivicStructure 202,849 schema:Restaurant 653,177
schema:TrainStation 124,728 schema:CivicStructure 350,292
schema:Airport 107,959 schema:CafeOrCoffeeShop 312,677
schema:FoodEstablishment 91,842 schema:FoodEstablishment 225,525
4 Use Case: Tourist Sequence Recommender
The rich set of metadata collected in the STDs provides an explicit semantic
meaning to users’ activities. In fact, venue categories play an important role
in POI recommender systems, as they enable to model user interests and per-
sonalize the recommendations [5]. The concept of trail, as defined previously,
exploits the concept of temporal correlation that is a cornerstone for generating
sequences of activities. In the past years, little attention has been dedicated to
the temporal correlations among venue categories in the exploration of a city,
which is nonetheless a crucial factor in recommending POIs.
Take the example of a check-in in an Irish Pub at 8 PM: is the user more
likely to continue the evening in a Karaoke Bar or in an Opera House? Better a
Chinese Restaurant or an Italian Restaurant for dinner after a City Park in the
morning and a History Museum in the afternoon? Note that generating these
sequences requires an implicit modeling of at least two dimensions: temporal, as
certain types of venues are more temporally related than others (e.g. after an
Irish Pub, people are more likely to go to Karaoke than to a History Museum),
and personal, as venue categories implicitly define a user profile, independently
from their order (e.g. Steakhouse and Vegetarian Restaurant do not go frequently
together). Most of existing studies attempt to model directly sequences of POIs
rather than their categories to recommend the next POI to a user.
In [7], we presented an approach based on a neural learning model, and more
precisely, Recurrent Neural Networks (RNNs), to generate sequences of tourist
activities. The RNNs are trained with the sequential data available in the STDs
and the output is expected to be a sequence of categories. The space of possible
categories is defined by the Foursquare taxonomy, which classifies venues in a
hierarchical taxonomy. In order to initiate the generation process, the neural
learning model takes as input a seed, i.e. a category from which the tourist
wishes to start his city exploration. Figure 4 illustrates the process of semantic
city trail generation. As it can be observed in the figure, the instantiating of
places or events (entities) was considered as an integral part of the process and
it was issued by querying the 3cixty knowledge base [11].
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Matt is going to visit 
Picasso Museum in 
Antibes this afternoon
After, he can be 
interested in Taking a 
beer in an 
Irish Pub, 
first: Hop 
Store
Then, having a 
dinner in a 
French 
Restaurant: 
Le Jardin
And, lately, 
attending 
Jazz à Juan  
event in a 
Jazz Club
sequence of venues and events that 
Matt can be interested to go after 
having visited Picasso Museum
Fig. 4: The illustration of the Tourist Sequence Recommender in action: it takes
as input a seed, Picasso Museum, and it generates a sequence composed of places
and events contextualized according to the city where the tourist is located.
The impact of such use case was certified by a controlled and online exper-
imentation with real users and it proved how impactful the STDs are in terms
of meaningful resources to learn a model to generate tourist activity sequences
and quality of metadata used to train our neural learning models.
5 Conclusion and Future Work
In this work, we introduced the STDs, two datasets containing millions of check-
ins performed in the Foursquare LBSN and grouped into semantic trails, that
are sequences of temporally neighboring activities. We described the algorithm
used to generate such trails and we detailed the process followed to enrich the
available data. We associated each check-in with the Schema.org term repre-
senting the venue category in which it was performed and we also identified the
Wikidata entities corresponding to the city and country of the venue. We char-
acterized the two datasets by analyzing them considering different dimensions
and we demonstrated the usefulness of semantically annotated data by relying
on external information to compute additional statistics. Finally, we briefly de-
scribed a possible use case of such datasets, in which we proposed a tourist
recommender system trained using the trails available in STD 2018. However,
we envision different possible scenarios that could benefit from such datasets,
for example human behaviour analysis and urban mobility studies.
The generation phase brought to further attention three points, namely the
complexity of the mapping between Foursquare categories and Schema.org, the
difficulties in obtaining a comprehensive list of cities, and the possible issues
caused by inconsistencies present on Wikidata. We observed that different venue
categories are not available on Schema.org: for this reason, they have been asso-
ciated with the most similar term or with a common ancestor. Furthermore, even
if some categories are available, they are not considered as a more specific type
of schema:Place or schema:Event, and, therefore, they have been mapped with
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a very general term. For example, schema:CollegeOrUniversity is considered as
an organization, so universities have been mapped with schema:CivicStructure.
However, the mapping available in our GitHub repository is not meant to be
final, and other researchers are invited to submit pull requests to improve it
for future releases of the STDs. We also observed that there is no widespread
entity that represents the concept of “city” on Wikidata. For this reason, we de-
cided to rely on the definition provided by GeoNames, even if it considers some
districts and neighborhoods as cities. We initially tried to rely on the DBpedia
type dbo:City, but we empirically observed an high number of wrong or missing
entities. Finally, we are aware of the fact that some URIs representing a city
may be erroneous, due to duplicates or incorrect mappings between Wikidata
and GeoNames. However, these problems can be fixed by future releases of our
datasets if they are first resolved in the exploited knowledge base. These points
are part of future research activities.
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